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Abstract:

Hydrological processes commonly exhibit long-term persistence, also known as the
“Hurst phenomenon”. Here we examine long-term precipitation and streamflow time series
from the Elbe River Basin to quantify differences in the spectral properties and in the Hurst
parameter estimates ( ) of the individual hydrological cycle components. Precipitation-runoff
modeling is performed for the Elbe River sub-catchment Strigies using the Soil and Water
Assessment Tool (SWAT). For 38 daily 50 years long streamflow time series from the Elbe
River Basin, baseflow separation and spectral analysis is performed. The results show a
spectral shift towards low-frequency scales (>2 yr.) from precipitation to baseflow, with a
parallel increase of
from 0.52 (precipitation) to 0.65 (baseflow). The SWAT model is able
(0.62) of the observed
to reproduce both, the main low-frequency mode (≈7 yr.) and the
Striegis River flow time series. The baseflow appears to be the main component which shapes
the low-frequency response and
of streamflow in the Elbe River Basin to the input
precipitation. This conclusion is further confirmed through PMWIN-MODFLOW
groundwater-modeling of a hypothetic phreatic stream-connected aquifer system that consists
of various soils (sand, loamy sand and silt). A power shift towards lower frequencies and an
increase of for the hydraulic heads is obtained, as the aquifer’s lateral dimensions increase
and its hydraulic conductivity decreases. The average
of the groundwater heads is
,
and
for sand-, loamy sand- and silt-aquifer, respectively.
KEY WORDS, Hurst parameter, persistence, Elbe River, hydrological cycle components,
baseflow, groundwater modeling
Short title: Basin low frequency response to precipitation forcing

INTRODUCTION
Stream response to precipitation variability results from the passage of infiltrated water
through several subsurface filters that, depending on the scale range, have the effect to either
amplify or attenuate the precipitation’s variability modes (cf. Shun and Duffy 1999).
Consequently, the output signal - the streamflow-, can have significantly different spectral
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characteristics than the input signal - the precipitation. Particular stages of the hydrological
cycle such as the interception and the evapotranspiration may lead to a reduction of the
precipitation’s high frequency variability, while snow melting produces the opposite effect
(cf. Milly and Wetherald, 2002). Moreover, the groundwater aquifer may behave like a fractal
frequency filter, resulting in temporal scaling of hydraulic head fluctuations and of baseflow
(Zhang and Schilling, 2004). For example, using a linear- reservoir model with a white-noise
recharge input, Zhang and Li (2005) showed that the simulated hourly hydraulic head
fluctuations over 4 years long period for homogenous and heterogeneous aquifers are
characterized by a Hurst parameter of H = 0.42.
In fact, the Hurst parameter is commonly used an indicator of the time series’ long-range
memory, i.e., persistence (Beran, 1994; Koutsoyiannis, 2005a, 2005b, 2008). For
the process has short-term persistence, for
the observations are
uncorrelated and for
the process has long-term persistence. Hydrological
processes are generally considered to exhibit long-term persistence, also known as the “Hurst
phenomenon” (Lohre et al, 2003; Koutsoyiannis et al., 2008). For example, using spectral or
time-domain time series methods, the H parameter of the Columbia River has been estimated
as H =0.85 (Villarini et al. 2009), the Boeoticos Kephisos river flows as H=0.79
(Koutsoyiannis, 2006), the annual Nile river flow as H=0.85 (Koutsoyiannis et al., 2008), and
for the Elbe River flow at Neu Darchau as H= 0.80 (Markovic and Koch, 2013).
There have been numerous attempts to explain the “Hurst phenomenon” from statistical
and physical points of view (see e.g. Koutsoyiannis, 2008; Koutsoyiannis, 2011). However,
finding of a convincing physical explanation is rather difficult, since even short-term
persistence can induce pre-asymptotic behaviour, resulting in H parameter estimates above
0.5, especially, when dealing with time-limited series (Montanari, 2003).
Unlike the spectra of streamflow time series commonly characterised by H>0.5,
precipitation spectra are often characterised by H ≈ 0.50 (Markovic and Koch, 2013). The
differences in the Hurst parameter estimates between precipitation and streamflow has been
argued by Koutsoyiannis (2006) by an increased complexity of the system which causes more
Hurst-like growth of the system’s output. An interesting issue is then the spectral
transformation of the input signal-precipitation through the hydrological cycle. Precipitation
spectrum is often characterized by peaks at characteristic interannual to interdecadal scales
due to large-scale climate patterns like the North Atlantic Oscillation (NAO) and the Arctic
oscillation (AO) (Ionita et al., 2011). However, though apparent, the issue of interannual to
interdecadal or even longer cycles in hydrological time series due to large scale climate
variability is commonly omitted in analyses of the series’ Hurst parameter (but see Markonis
and Koutsoyiannis, 2013; Markovic and Koch, 2013). The presence of such components in
the time series can significantly affect the H parameter estimates, such that H 0.5, i.e. longterm persistence is deduced (Montanari et al., 1999; Markovic and Koch, 2005). An
additional effect that needs consideration when addressing the H of the streamflow time series
is the strengthening of the climate signal at the interannual and decadal scales for
groundwater-dominated streamflow time series (see Shun and Duffy, 1999). Therefore, we
argue that the question of long-range memory of streamflow time series reported for many
streams in recent years (e.g. Markovic and Koch, 2013; Koutsoyiannis, 2005a, 2005b, 2008;
Lohre et al., 2003) has to be readdressed in terms of the low-frequency variability of the
hydrological cycle components.
The primary objective of this study is to follow the journey of the low-frequency climate
signal through the hydrological cycle and study its role on the Hurst parameter estimates of
the individual hydrological cycle components. Through deterministic, integrated surfacegroundwater modeling combined with stochastic time series analysis, the changes in the low
frequency components and Hurst parameter estimates of all relevant processes that lead to
streamflow generation will be studied. In particular, the water movement through the

hydrological cycle, which starts with precipitation and, after going through the processes of
evapotranspiration, direct flow, soil water infiltration, groundwater recharge, ends its
“journey” as baseflow in the main stream, will be simulated for the Striegis River Basin with
the Soil and Water Assesment Tool (SWAT) (Neitsch et al., 2011). Furthermore, for 38 daily
streamflow time series observed over the time interval 1951-2000, baseflow separation and
analyses of the scaling properties of the hydrological cycle components will be performed.
Using the well-known MODFLOW groundwater model (Harbaugh and McDonald, 1996), as
embedded in the PMWIN package (Chiang and Kinzelbach, 2005), we will examine the role
of the aquifer in the transport of the low frequency climate signal towards the connected
stream. Specifically, the main aims of this study are: (1) to identify changes in the lowfrequency variability and the Hurst parameter estimates across the individual hydrological
cycle components in the Striegis River Basin; (2) to compare the Hurst parameter estimates
of the long-term base-, direct- and total flows across the Elbe River Basin and (3) to
investigate the connection between the long-term persistence (H>0.5) of the river flows, and
the processes involved in the transformation of the input basin signal - the precipitation - to
the output signal- the streamflow, for the various aquifer types (sand-, loamy sand- and silt
aquifers).
STUDY AREA AND DATA
The overall study area is the German part of the Elbe River Basin (Figure 1), with a drainage
area of 96400 km2 which is about two thirds of its total basin size (147800 km2). The
streamflow data base consists of 38 continuous time series observed at gauges all over the
Elbe River Basin over the time interval January 1951- December 2000. The long-term
streamflow in the sub-basins ranges between 100 and 300 mm/y which is to be compared with
an average annual basin precipitation of about 715 mm.
For the climate gages indicated in Figure 1, the German National Meteorological Service
(DWD) provided continuous (1951-2000) daily measurements of the following variables:
temperature, precipitation, humidity, air pressure, vapor pressure, hours of bright sunshine,
degree of cloud cover, short wave radiation and wind speed. The soil, the land use and the
DEM data were provided by the Saxon State Office for Environment and Geology, the
German Federal Statistical Office and the Potsdam Institute for Climate Impact Research,
respectively.
The process-based SWAT model was implemented in the Striegis River catchment
(Figure 1). The Striegis River originates at the confluence of the Große Striegis and Kleine
Striegis River, with the catchment area defined from there of about 283 km2, and a maximum
elevation difference of 400 m. At the gage Niederstriegis, located 200 m upstream of the
Striegis River mouth to the Freiberger Mulde River, the average long-term (1951-2000)
measured daily flow is 2.8 m3/s. The average annual catchment precipitation is 780 mm and
the average annual runoff at the basin outlet amounts to 330 mm. More than 75% of the
catchment is agricultural land, about 10% is covered by evergreen forest and about 6.3% by
med/low density residential areas. For more than 80% of the catchment, the soil conductivity
is classified as very low (
m/s) to low (
m/s) (HÜK 200, 2005).
METHODS
Theoretical background of the study
Short summer rain events in the northern hemisphere’s mid-latitudes usually do not cause
groundwater recharge, implying that the piezometric heads are not affected by such triggering

surface events as these act only on a short time scale. On the other hand, groundwater heads
reflect the effects of annual and, of course, interannual weather pattern changes with periods
of “wet” or “dry” years, triggered, for example, by NAO and AO (cf. Markovic and Koch,
2013). Short-period (e.g. daily) variations only propagate into the upper “skin” of the earth
(“skin-effect”), while the long-period oscillations such as those due to the e.g. NAO or AO
penetrate deeper into the earth’s crust (see Shun and Duffy, 1999).
Although obvious, the “skin-effect” issue has been until now overlooked in the studies of
“Hurst phenomenon” in discharge series. Therefore, a brief mathematical explanation of the
role of “skin-effect” in transport of the low frequency signals in hydrological processes will
be given. Mathematically, the skin-effect is a consequence of the parabolic nature of the
diffusion-like PDE. In the present application of groundwater hydrology the underlying PDE
is the Richards equation (Richards, 1931) which describes the soil moisture, or water content,
as a function of (vertical) space
and time
and needs to be solved with the
appropriate boundary condition (BC)
at the soil surface. For example, assuming a
, with A, the
periodic input signal for the precipitation, the BC becomes
amplitude; , the angular frequency =
, and assuming, to first order,
and
, where
is the soil water diffusivity, and
the soil water conductivity, an
can be derived and written as (e.g Tikhonov and Samarski,
analytical solution for
1960)
(1)
This equation shows that the amplitude of the input signal

decreases exponentially

with depth
as
, whereby the decay factor is proportional to the
signal frequency . Therefore, the cutoff-frequency (the highest signal frequency) decreases
with depth implying that the groundwater recharge (water that reaches the groundwater level)
will most probably have a colored spectrum.
Temporal scaling of groundwater head fluctuations for a known recharge spectrum have
been studied by Gelhar (1993), Zhang and Schilling (2004), Zhang and Li (2005) and
Schilling and Zhang (2012) for a stream-connected, phreatic aquifer. For such an aquifer, the
rate of storage change can be related to the net recharge and the stream-aquifer inflow/outflow
as
(2)
where
is the specific yield;
the water level in the stream;
; with

, the average groundwater head over the entire aquifer; ,
, the recharge rate; and , the outflow constant defined as

, the transmissivity; and

, an appropriate length scale of the aquifer (Gelhar,

1993). The latter is related to the characteristic aquifer time scale
as
. Assuming a
constant river stage ( ) and a homogenous aquifer (
), Gelhar (1993) showed
that the relationship between the power spectrum of the groundwater head fluctuations (
)
and the groundwater recharge (
) is:
(3)
Equation 3 states that the spectrum of the head is a result of a competitive relation
.
between the geometric properties of the aquifer (a, S) and of the signal frequency
Since

, for a white noise

,

moves from a white toward a colored spectrum

when

. Furthermore, for a large
and small , the first term of the denominator
, implying that for a white-noise recharge spectrum, the spectrum of the head
will
We remark here that the spectral exponent β is related to the Hurst
be proportional to
exponent as β=2H-1 (Gilmore, 2002), implying H≈1.5. As mentioned in the introduction,
Zhang and Li (2005) confirmed that a white-noise recharge indeed causes fractal hydraulic
heads in both, homogenous and heterogeneous aquifers. However, they reported Hurst
parameters between 0.51 and 0.57 for the observed- and between 0.41 and 0.42 for the
simulated groundwater fluctuations. Since the aquifer is connected with a stream via the
baseflow, the remaining question here is- what is the connection between H 0.5 of the
streamflow data and the spectral properties of the baseflow?
The baseflow contribution to the streamflow is closely related to the geological properties
of the groundwater reservoir. In general, lateral groundwater flow to the stream in a streamconnected aquifer - which makes up the baseflow - is a consequence of an increase of the
hydraulic gradient due to a recharge event. Assuming a homogenous, isotropic aquifer with
to the stream can be calculated
time-constant physical properties, the groundwater flow
from a standard analytical solution of the parabolic groundwater flow equation as (cf.
Rorabaugh, 1964):
(4)
where

is the stream water level height at time

baseflow recession constant

. The exponent in Eq. 4 is known as the

, wherefore Eq. 4 can be expressed as:
(5)

A comparison of the expressions for the baseflow recession constant ( ) and of the
characteristic aquifer time scale ( ) leads to the conclusion that the relationship between the
recharge- and the head spectrum can be retrieved from the streamflow hydrograph by
(6)
This confirms the necessity of a separate analysis of the streamflow basic components,
namely, the direct flow and the baseflow, in order to understand the response of the
streamflow to the input signal - the precipitation.
Deterministic models for surface- and groundwater flow simulation
For the examination of the hydrological cycle components in a Striegis River Basin the
deterministic SWAT model (Neitsch et al., 2011) was used. SWAT is a spatially distributed
model that needs specific information on weather, topography, vegetation soil properties and
land management practices in the basin. It is a continuous time model and enables the
simulation of the long-term basin’s response to arbitrary weather- and soil management
conditions. The primary model outputs are the actual evapotranspiration, surface runoff, soil
water changes, groundwater recharge, direct flow and the baseflow. For the automatic
calibration of the various selected parameters we have coupled SWAT with the nonlinear
parameter estimation program PEST (Doherty, 2009). Since the study focus is on long-term
low frequency variability and Hurst parameter of the hydrological cycle components (> 1 yr.),
we used monthly time steps within the SWAT calibration.
For the estimation of baseflow in basins, where the required input for physically based
models is not available, two automated techniques for the analysis of the streamflow
hydrograph are applied: BFI (IH, 1980) and the SWAT-BFI (Arnold et al., 1995). The BFI
method is based on the evaluation of the 5-days local minima, while the SWAT-BFI method

is based on the application of a recursive digital filter.
The MODFLOW finite difference model (McDonald and Harbaugh, 1988), as embedded
in the PMWIN package (Chiang and Kinzelbach, 2005), is applied for the numerical
simulation of the groundwater heads for a stream-connected hypothetical aquifer.
Groundwater flow in a stream-connected phreatic aquifer can be described by combining
Darcy’s law with the continuity equation, resulting in the well-known nonlinear groundwater
flow equation
(7)

is the hydraulic head; , the hydraulic conductivity; , the specific yield; and
where
the time- dependent recharge from infiltrating soil water. Using Darcy’s law, the groundwater
flow
to the streamcan be estimated by calculating the hydraulic gradient between the
river stage and the simulated, unknown hydraulic head in the first cell next to the river as
, where K is the hydraulic conductivity of the riverbed material. L- the
length of the river within a cell, and W and M are the width and the thickness of the riverbed,
respectively.
We used three aquifer types, namely sand, loamy sand and silt, with hydraulic
m/d,
m/d and
m/d. For each of these three aquifer types, three
conductivities of
different lateral dimensions of the aquifer are simulated:
m,
m and
m. As
the study of Zhang and Li (2005) has shown that the heterogeneity of the aquifer has little
effect on the scaling properties of the hydraulic head fluctuation, all aquifers are assumed here
to be homogenous. Transient groundwater flow in a one-layer phreatic aquifer of varying
thickness and horizontal size is simulated using a grid size of
=1m,
=1m and a stress
period of one month, which is also the time increment of the forcing input recharge R. The
latter is obtained from (1) the percolation (PERC) time series obtained with the SWAT model
of the Striegis River Basin described above and (2) simulated white noise data (“numerical
experiment”). For the hypothetic phreatic stream-connected aquifer we assumed a steep
gradient towards the river ( %), a specific yield of
. As for the boundary
conditions of the model, the left boundary is assumed to be the groundwater divide (i.e. noflow) and the right boundary is set as a constant head boundary at the stream, equal to the
gage elevation in the stream.
Stochastic time series analysis methods
For the time series decomposition, the Singular Spectrum Analysis (SSA) method
(Golyandina et al., 2001; Ghil et al., 2002) is used. The crucial step of the SSA method is
singular value decomposition (SVD) of the L-lagged vectors of a time series. The main SSA
parameter, the window width L, is set to ½ of the observation time period.
The spectral properties of the studied time series were identified using the continuous
wavelet transform (Torrence and Compo, 1998). The wavelet transform is a common tool for
performing a continuous time-frequency localization of a time series. The widely used Morlet
wavelet is employed, with the non-dimensional frequency set to ω0 = 6. The global wavelet
spectrum (GWS) representing the average of the wavelet power over all local wavelet spectra
along the time axis and the normalized GWS (nGWS), (=GWS divided by the data variance
σ02) are computed. Following Torrence and Compo (1998), the statistical significance of the
GWS is tested by the χ2 - test against the hypothesis of red noise.
For the practical estimation of the Hurst parameter the Detrended Fluctuation Analysis
(DFA) method (Peng et al., 1994) is employed. In the initial step of the DFA method

accumulated time series are calculated by summing up the differences between the observed
values (
and the series mean
. In the next step, the resulting series
are split into non-overlapping segments of the length s, followed with series’ detrending
within each of these segments (done by subtracting the linear least square fit). The fluctuation
function F(s) describes the segment's variance, and scales as
, where H is the Hurst
parameter.
RESULTS AND DISCUSSION
SWAT modeling of the mean monthly Striegis River flows
In the analysis of the results of the calibrated SWAT model using the full set of the
available climate and streamflow data (1951-2000) the first two simulation years (1951-1952)
were omitted, as these represent the usual intial spin-up of the hydrological system. Prior to
the calibration, a sensitivity analysis (see White and Chaubey, 2005) was carried out to
identify the most influential parameters in the SWAT model. These turned out to be the SCS
curve number, the soil water available capacity AWC, the saturated hydraulic conductivity K,
the baseflow recession constant α and the groundwater delay DELAY. The SCS curve number
depends on the permeability of the soil, the land use and on the antecedent soil water
conditions (Singh, 1992). The AWC is defined as the difference between the water content at
field capacity and the water content at the permanent wilting point. The baseflow recession
constant depends on the aquifer physical properties (see Eq. 4) and DELAY is the time-lag for
the transfer of recharge water from the unsaturated soil profile into the shallow aquifer.
To overcome the deficits of the manual calibration of the most sensitive SWAT
parameters, the nonlinear parameter estimation program PEST was integrated into the SWAT
model (see also Wang and Brubaker, 2013). In contrast to the manually calibrated SWAT
models, having coefficient of determination up to
, the automatic calibration model
SWAT-PEST significantly improved the model performance, with
. Thus, over the
investigated time period (1953-2000), the average simulated annual runoff (
), as well as
the mean
and standard deviation
of the monthly time series agree well with the
corresponding measured data:

mm,

mm

;

. As Figure 2 shows, except for an overestimation of the
observed flow extremes, there is an overall good agreement between the SWAT-PEST
simulated- and the observed streamflows.
The normalized global wavelet spectra (nGWS) of the simulated hydrological cycle
components for time-scales
yr. (Figure 3) indicate peaks at the
yr. and
yr.
scales for all studied data except evapotranspiration. However, although prominent, these low
frequency modes are not statistically significant at the
% significance level for none of the
series. On the other hand, one apparent feature of nGWS’s (Figure 3) is that the “journey” of
water through the hydrological cycle, i.e., from the surface through the underground and back
to the stream, is accompanied by an increase of power at low-frequency scales. As discussed
in Markovic and Koch (2013), for much of the Elbe Basin, the source of such low-frequency
oscillations are variability modes of large-scale oscillation patters, mainly the NAO and AO.
Consequently, it is not surprising that the hydrological cycle components have increased
power at similar low-frequency scales. In particular, except for a slight difference in the
yr., both the spectra of the direct flow component and of the
power at scales
percolation have almost the same shape as that of the basin precipitation. In line with the

theoretical expectations (see Eq. 1 and Gammaitoni et al., 1998), the spectrum of the baseflow
is characterised by a power shift towards low frequency scales. The comparison of the
spectral power at the low frequency scales for the different hydrological cycle components
(Figure 3), clearly reveals the dominant role of the baseflow in shaping the river flow’s
spectral response to the input signal, the precipitation. As a side remark, the contribution of
the direct flow to the low-frequency part of the flow spectrum is negligible, compared with
that of the baseflow.
Using the DFA method, the Hurst parameter of each of the simulated hydrological cycle
components was estimated. The DFA method is known to be biased when a periodicity in the
time series is present (Hu et al., 2001; Markovic and Koch, 2013). This bias manifests itself
by a tendency of obtaining small H for a time series with dominant high frequency (small
scales) oscillations, and of high H values for a series with a large fraction of variance at low
frequencies (large scales). In line with these expectations, low H values were obtained for
hydrological cycle components with small power at high scales and vice versa. In particular,
the DFA Hurst parameter estimates (
for the Striegis River are 0.52 for the catchment
precipitation, 0.08 for evapotranspiration, 0.54 for soil water content, 0.50 for percolation,
0.51 for direct flow, 0.65 for base flow, 0.63 for simulated total flow, and 0.62 for observed
flow. Obviously, “persistence” of the Striegis River flows (H>0.5) is linked to the slowlyvarying temporal variability of the baseflow.
In addition to the spectral properties of the hydrological cycle components, the general
question addressed within this part of the study is whether the SWAT model can reproduce
the low-frequency modes detected in the measured Striegis’ river flow time series or not. To
that avail the SSA-method has been applied. Results of the SSA applied to the measured and
simulated streamflow time series, together with the corresponding gGWS's are shown in
Figure 4. In this particular case, the main low frequency mode is the
yr. periodicity
which explains
% of the time series’ joint variability. One may notice that while the
annual signal does not seem to be well described by the SWAT-PEST model (Figure 4a vs.
Figure 4c), the main simulated low-frequency component is identical with that of the
measured data (Figure 4e vs. Figure 4g). This result suggests that the SWAT-PEST model is
indeed able to reproduce the low-frequency mode of the studied river flow time series.
Scaling properties of the direct and the baseflow across the Elbe River Basin
The analysis of the streamflow’s scaling properties is refined further by separating the
direct- and the baseflow component of the 38 daily long-term (1951-2000) streamflow time
series measured across the Elbe River Basin. For the baseflow separation the BFI- and the
SWAT-BFI algorithms are applied (see also Luo et al., 2012). As shown in Figure 5, the
SWAT-BFI method often gives unrealistic, purely mathematical baseflow estimations,
wherefore only the results of the classical BFI- method with respect to the scaling properties
of the streamflow components will be discussed further. Notice, although the baseflow
separation is carried out on the daily flow time series, the Hurst parameter estimation is
performed using the corresponding mean monthly values.
The average DFA
for the direct, base-, and total flow of the studied series from the
Elbe River Basin are
,
, and
, respectively. The latter is qualitatively in line
with the “skin effect” discussed above, suggesting that the low-frequency content is often
larger for the baseflow than for the total flow. This result also suggests that the DFA
for the river flow time series is, in this particular case, not an indication of the long-term
persistence, but rather an indication of the presence of low-frequency periodic components in
the time series themselves (see Hu et al., 2001; Markovic and Koch, 2013).

As Figure 6 illustrates, decreases somewhat with topographic altitude. By relating large
with enhanced power at low-frequency scales, Figure 6 alludes to the altitude- dependence
of the time series’s low-frequency content. Similar results have been found by Shun and
Duffy (1999) for a mountainous basin in the western US and have been explained by a
filtering effect of volumetric groundwater storage in the mountain rocks and the basin
sediments.
can
As outlined in the theoretical section of the paper, the baseflow recession constant
be used as an indirect estimator of the aquifer’s physical properties and its role in shaping the
stream flow spectrum (Eq. 4). Here, the average estimated baseflow recession constant has
been estimated as is
, resulting in an average characteristic aquifer time scale
d. For comparison, Zhang and Schilling (2004) obtained
d. in the
the aquifer acts as a
Walnut Creek watershed. As suggested by these authors, when tc
fractal filter that may take a white noise input signal (H≈0.5) and output a fractal process. Our
findings from above appear to corroborate this phenomenon and our next goal is to investigate
the connection between H>0.5 of the baseflows and the spectral properties of groundwater
head fluctuations. This will be done in the following section by deterministically analyzing
the groundwater head fluctuations for various aquifers which, after all, feed the variability of
the streamflow and of the baseflow, in particular.
The role of the aquifer during the transport of low-frequency climate signals
Using the MODFLOW (PMWIN) model hypothetical aquifers with characteristics as
discussed earlier were simulated. As input recharge to a stream-connected hypothetical
aquifer, the percolation (PERC) time series obtained with the SWAT model of the Striegis
River Basin described above were used. The nGWS of the PERC time series shown in Figure
7 is dominated by the annual signal, but also alludes to the presence of the
yr.
periodicity. As discussed above, the DFA of the PERC time series is
, indicating a
white-noise background spectrum.
The spectra of the simulated hydraulic head fluctuations 150 m away from the stream
(Figure 8) indicate a significant amplification of the low-frequency power of the input signal
(recharge), but only a negligible power at the annual scale. Moreover, the qualitative
agreement with the theoretical formula (Eq. 3) is obvious: an increase of the aquifer’s lateral
dimension L leads, by virtue of Eq. 6, to an increase in , resulting in a power shift towards
lower frequencies. In line with the theoretical formula (Eq. 6), there is a shift to lower
frequency-scales with a decrease in the hydraulic conductivity K (Figure 8).
Similar to the behaviour of the power spectra, an increase in the DFA of the monthly
hydraulic head fluctuations can be noted when is increased and
is decreased, (Figure 9).
The highest H values (
) are found for horizontally large, medium-to-low permeable
aquifers (see Figures 9c). For all three aquifer types, for the heads decrease with decreasing
distance of the groundwater divide from the stream. The average
(for all ) of the
groundwater heads for sand-, loamy sand- and silt aquifers is
,
and
,
respectively. Our numerical experiments with a white-noise recharge,
and specific
yield
resulted in
for the groundwater head fluctuations (see Eq. 3). For
comparison, for a white noise recharge, Zhang and Schilling (2005) reported an average H of
0.53 and 0.42 for the observed and simulate groundwater head fluctuations, respectively. We
argue that the differences in the H-estimates between our study and that of Zhang and
Schilling is due to the nature of the employed datasets- our simulations extend over a period
of approximately 40 years, whereas Zhang and Schilling (2005) had only a 4-year long

record. Consequently, if one keeps in mind all alterations of H and low-frequency power on a
long-term “journey” of precipitation through the subsurface compartments of the hydrological
cycle, then H >
for the streamflow time series, become less surprising.
CONCLUSIONS
The spectral changes of precipitation through the various stages of the hydrological cycle
including precipitation, evapotranspiration, percolation, soil water, direct, baseflow and
streamflow have been studied in context of a physically based modeling and stochastic time
series analysis. In particular, an automatically calibrated SWAT model has been used to
separate the individual hydrological cycle components, whereas the DFA- and the waveletmethods have been used to evaluate spectral properties of the derived components. The results
indicate a spectral shift towards low-frequency scales (
yr. and
yr. scales) from
precipitation to baseflow, paired with an increase of the Hurst parameter from 0.52 for basin
precipitation to 0.65 for baseflow. The comparison of the Hurst parameter estimates of the
simulated and the measured flows indicates a marginal difference (H=0.63 vs. 0.62),
suggesting a good agreement between simulated and observed flows with respect to their
stochastic properties. Moreover, the SSA applied to both the measured- and the SWATmodelled mean monthly flows of the Striegis River reveals a
yr. periodicity as the main
low-frequency mode, showing the ability of the SWAT model to reproduce the low-frequency
flow variability of the Striegis River.
The analysis of the streamflow’s scaling properties has been refined further by analyzing
the basic streamflow’s components, namely, direct- and baseflow using the SWAT- and the
BFI- baseflow separation algorithms. The results from 38 daily long-term (1951-2000)
streamflow time series from the Elbe River Basin indicate an inverse relationship between
altitude and H parameter value, and larger H values for baseflow than for direct and total
flow, namely H=0.72, 0.58, and 0.70, respectively. Furthermore, the average baseflow
recession constant and the average characteristic aquifer time scale are estimated to be
and
, respectively, which is indicative that for a white-noise
precipitation, the Elbe River Basin produces fractal baseflow.
The general role of the aquifer in the transport of the low frequency climate signal has
been analyzed further by means of the deterministic groundwater flow model MODFLOW.
To account for the low-frequency variability observed in the Elbe River Basin, the SWATcomputed recharge in the Striegis River Basin served as input to a hypothetic phreatic streamconnected sand-, loamy sand- and silt aquifer. The results show that there is an increase of the
Hurst parameter of the groundwater head fluctuations with both, an increase of the aquifer’s
and an decrease of the hydraulic conductivity ( ). A limiting value for
lateral dimension
H of 1.5 is reached in large-size, medium-to-low permeable aquifers. The average Hurst
parameter (for all ) of the groundwater heads is
,
and
for sand-, loamy sandand silt-aquifer, respectively.
Overall, our study has clearly demonstrated differences in the spectral power at the lowfrequency interannual to interdecadal scales and in the Hurst parameter estimates for the longterm main hydrological cycle components at the Niederstriegis gage of the Strigis River
Basin. We were able to show that a groundwater system has a substantial effect on the
increase of Hurst parameter during the water’s journey through the hydrological cycle,
starting from precipitation and ending at streamflow. Consequently, our results provide some
new insight into the sources of the persistence (“Hurst phenomenon”) of the streamflows in
the Elbe River Basin.
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FIGURE CAPTIONS

Figure 1. The German part of the Elbe River Basin and the Striegis River sub-basin with the
corresponding outlets and climate gages.
Figure 2. Mean monthly Striegis River flows at gage Niederstriegis: measured flows (black
line), simulated flows (green line).
Figure 3. Normalized global wavelet spectra of the hydrological cycle components for the
Striegis River Basin: precipitation (Prec), actual evapotraspiration (ET), soil water content
(SW), groundwater percolation (Perc), direct flow (Sq), baseflow (Gq), total flow at the basin
outlet-Niederstriegis (Q). σ2 and σ02 denote the variance at the particular scale and the time
series variance, respectively.
Figure 4. The first three SSA variability modes (first and third column) and the corresponding
nGWS’s (second and fourth column) of the measured (left two columns) and simulated (right
two columns) mean monthly flows (1953-2000) of the Striegis River at gage Niederstriegis.
The components are ordered according to the portion of the total streamflow variance they
explain (i.e., the first row corresponds to the main SSA variability mode and so on). The red
lines in nGWS plots denote the 95% significance levels determined assuming a red noise
background, with σ2 and σ02 denoting the variance at the particular scale and the time series
variance, respectively.
Figure 5. Baseflow separation of the daily flows of the Striegis river at gage Niederstrigis
(1953-1963) (black line), using the SWAT-basefow filter program (blue) and the BFIprogram (red).
Figure 6. Altitude-dependence of the DFA-H parameter estimate of the total streamflow from
gauges across the Elbe River Basin (black line), baseflow (grey line/empty square) and direct
flow (grey line/filled square). (The baseflow separation is done using the BFI-algorithm).
Figure 7. Global wavelet spectra (solid line) of the estimated groundwater recharge
(groundwater percolation from the SWAT model of the Striegis River Basin for the period Jan
1953-Dec 2000) and the corresponding 95% confidence level (red line), assuming a red noise
background spectra. σ2 denotes the variance at the particular scale.
Figure 8. Normalized global wavelet spectra of the estimated groundwater recharge for the
period Jan 1953-Dec 2000 (grey line) and of the simulated groundwater levels 150m away
from the groundwater divide for the sand- (a), loamy sand- (b) and silt-aquifer (c). Aquifer
length is set to L = 200 m (dotted line), L = 400 m (dashed line) and L = 800m (thick line). σ2
and σ02 denoting the variance at the particular scale and the time series variance, respectively.
Figure 9. DFAparameter estimates of the simulated monthly groundwater levels at
locations d meters away from the groundwater divide for sand- (red), loamy sand- (green) and
silt aquifer (blue). The distance L between the groundwater divide and the stream is a) 200, b)
400m and c) 800m.

Figure 1. The German part of the Elbe River Basin and the Striegis River sub-basin with the
corresponding outlets and climate gages.

Figure 2. Mean monthly Striegis River flows at gage Niederstriegis: measured flows (black
line), simulated flows (green line).

Figure 3. Normalized global wavelet spectra of the hydrological cycle components for the
Striegis River Basin: precipitation (Prec), actual evapotraspiration (ET), soil water content
(SW), groundwater percolation (Perc), direct flow (Sq), baseflow (Gq), total flow at the basin
outlet-Niederstriegis (Q). σ2 and σ02 denote the variance at the particular scale and the time
series variance, respectively.

Figure 4. The first three SSA variability modes (first and third column) and the corresponding
nGWS’s (second and fourth column) of the measured (left two columns) and simulated (right
two columns) mean monthly flows (1953-2000) of the Striegis River at gage Niederstriegis.
The components are ordered according to the portion of the total streamflow variance they
explain (i.e., the first row corresponds to the major SSA variability mode and so on). The red
lines in nGWS plots denote the 95% significance levels determined assuming a red noise
background, with σ2 and σ02 denoting the variance at the particular scale and the time series
variance, respectively.

Figure 5. Baseflow separation of the daily flows of the Striegis river at gage Niederstrigis
(1953-1963) (black line), using the SWAT-basefow filter program (blue) and the BFIprogram (red).

Figure 6. Altitude-dependence of the DFA-H parameter estimate of the total streamflow from
gauges across the Elbe River Basin (black line), baseflow (grey line/empty square) and direct
flow (grey line/filled square). (The baseflow separation is done using the BFI-algorithm).

Figure 7. Global wavelet spectra (solid line) of the estimated groundwater recharge
(groundwater percolation from the SWAT model of the Striegis River Basin for the period Jan
1953-Dec 2000) and the corresponding 95% confidence level (red line), assuming a red noise
background spectra. σ2 denotes the variance at the particular scale.

Figure 8. Normalized global wavelet spectra of the estimated groundwater recharge for the
period Jan 1953-Dec 2000 (grey line) and of the simulated groundwater levels 150m away
from the groundwater divide for the sand- (a), loamy sand- (b) and silt-aquifer (c). Aquifer
length is set to L = 200 m (dotted line), L = 400 m (dashed line) and L = 800m (thick line). σ2
and σ02 denoting the variance at the particular scale and the time series variance, respectively.

Figure 9. DFA-H parameter estimates of the simulated monthly groundwater levels at
locations d meters away from the groundwater divide for sand- (red), loamy sand- (green) and
silt aquifer (blue). The distance L between the groundwater divide and the stream is a) 200, b)
400m and c) 800m.

Figure 10. Scaling properties of the simulated groundwater levels in a silt aquifer (L=800m),
150m away from the groundwater divide: a) power spectrum as a function of frequency f
(
); b) DFA-fluctuation function as a function of scale s, resulting in

